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Abstract - In this paper a novel optimization method 

called Multi-Objective Ant Lion Optimizer (MOALO) is 

proposed for tuning synchronous generator excitation 

controls in multi machine power system. Devices used in 

excitation control are automatic voltage regulator (AVR) and 

power system stabilizer (PSS). Two area four machine model 

(TAFM) is used for observing power system dynamics 

through several various operating states. In a performance 

analysis of a proposed algorithm two objective functions are 

used. First objective function uses integral of time weighted 

absolute error of rotor speed, voltage and tie line active 

power data, while second objective function uses mean value 

of time domain transitional process quality indicators such as 

overshoot, undershoot and settling time. A proposed 

algorithm is tested and its performance is compared with 

performances of two other multi objective swarm intelligence 

algorithms: Multi-Objective Particle Swarm Optimization 

(MOPSO) and Multi-Objective Salp Swarm Algorithm 

(MOSSA). Results are compared and presented as sets of 

solutions composed in Pareto fronts.  

Keywords - Generator Excitation Controls, Multi-objective 

optimization, Ant Lion Optimizer, Power System Dynamics 

I. INTRODUCTION 

Due to a nonlinear dynamic performance of a power 
system, a stability of such system has proven to be a 
challenge for observation and control. In recent decades the 
problems regarding power system stability have been 
discussed and surveyed in several articles and books, most 
notably [1], [2], [4] and [5]. Studies in a field of power 
systems’ stability led to formalizing a power system 
stability classification that has been made by experts in this 
field [3]. 

These classified stability categories include small 
disturbance angle stability and transient stability as two 
subcategories of rotor angle stability [3]. Rotor angle 
stability is examined through short term analysis. Primarily, 
changes in generators’ characteristic values are observed 
while considering small (short term load variations and 
outages) and large disturbances (short circuits). These 
disturbances lead to appearance of several oscillatory 
modes with low frequency of which local (1.5 – 2.5 Hz) and 
inter-area oscillations (0.2 – 1 Hz) are most significant in 
observing a rotor angle stability of a studied power system. 

In addressing this problem, various control methods 
have been proposed and implemented. Elements that can be 
tuned include automatic voltage regulators, power system 
stabilizers on the excitation systems, and FACTS systems 
on transmission network side. Lately, several of these 

tuning methods proposed implementation of coordinated 
strategies for parameter tuning driven by different AI 
techniques such as fuzzy regulation [8 – 10], neural 
networks [8] and swarm intelligence methods [8, 10 – 16]. 
With the latest blooming of swarm intelligence algorithms 
[7, 8] this problem has become more interesting in state-of-
the-art control techniques. 

This paper describes coordinated control design via 
multi-objective Ant Lion Optimizer (MOALO) of two 
excitation regulators on synchronous generators. Power 
system controlled with MOALO technique is tested and 
compared with two different multi-objective swarm 
intelligence methods and finally proposed as a solid 
solution for such problems in power system dynamics. 

II. POWER SYSTEM TESTING MODEL 

A. Model description  

Generator controls’ models include turbine governing 
control and excitation system control. On the excitation 
side of each generator DC exciters are equipped with AVR 
and PSS controllers. These controllers are widely used for 
damping of various local and inter-area modes of 
frequency. AVR controller uses terminal voltage and PSS 
uses speed deviations as a feedback information for control. 

For simulation and comparison, a standard TAFM 
(Two Area Four Machine) model has been selected and 
adapted for testing. This model, introduced in [2], has been 
set as a certain standard for power system stability analysis 
in various articles (with [12], [13] and [16] being examples 
of swarm intelligence methods applied in power system 
control). 

Described model has two areas of production and 
consumption. Each area has two generating units. These 
two areas are interconnected via 220kV transmission tie-
line. Observed TAFM model has been implemented 
previously for performance analysis of different objective 
functions in multi-objective optimization [19], and is 
shown on fig. 2. 

 

Figure 1.  Block schematic of a geneartor and its exciter 
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B. Controller model design 

Controller models in coordinated tuning strategy 
include: PT1 regulator with gain 𝐾𝑎 and time constant 𝑇𝑎 
which is used as AVR. PSS1 type with gain 𝐾𝑃𝑆𝑆, washout 
time constant 𝑇𝑤, and two lead-lag blocks’ time constants 
𝑇1𝑛 , 𝑇1𝑑 , 𝑇2𝑛 , 𝑇2𝑑  is used as PSS regulator model. Block 
schematic of PSS is shown in fig. 3. 

C. Scenarios used for algorithm performance 

Four scenarios are simulated for evaluation of three 
different algorithms’ performance [19]: 

• 1st scenario – outage and automatic reclosure after 
first second of one of two paralell interconnection 
lines, 

• 2nd scenario – short circuit that occurs on 170th 
kilometre of a transmission line from Area 1, and 
lasts for 80 ms (self-clearing fault), 

• 3rd scenario – temporary outage of a load in Area 1 
which lasts for 2 seconds, 

• 4th scenario – Additional 20% load injection on a 
load bus in Area 1. 

Observed system is modelled in MATLAB Simulink®, 
with duration of simulation that lasts for 25 seconds. All 
scenarios include contingency that occurs in 5th second of 
simulation.  

III. MULTI-OBJECTIVE ANT LION OPTIMIZER 

ALGORITHM 

A. A priori analysis and scalarization of objective 

functions 

Multi-objective optimization (MOO) provides set of 
alternate solutions, as opposed to single-objective 
optimization, where a single best solution is provided (fig. 
4). These sets are called Pareto-optimal solutions, since 
there no dominant solution exists in majority of the multi-
optimization problems. MOO is also subjected to equality 
and inequality constraints that are examined during the 
optimization process [18]. Also, a priori analysis through 
scalarization of two independent objective functions is used 
is in this paper. Therefore, a third objective function, as a 
sum of two weighted objective functions, is formed: 

 

𝐹(𝑡) = 𝑤1 ∙ 500 ∙ 𝑓1(𝑡) + 𝑤2 ∙ 𝑓2(𝑡) {
𝑤1 = [0,1]
𝑤2 = 1 −𝑤1

𝑓1(𝑡) = ∫ 𝑡 ∙ (|∆𝜔(𝑡)| + 0.005 ∙ |∆𝑉𝑡(𝑡)| + |∆𝑃𝑡𝑖𝑒(𝑡)|)
25 𝑠

𝑡=𝑡1

𝑓2(𝑡) = 4000 ∙ 𝑜𝑠
2
+ 1000 ∙ 𝑢𝑠

2
+ 𝑡𝑠

2

 () 

where deviations in rotor speeds, terminal voltages of 
generators and tie-line power transfer are considered in first 
objective function 𝑓1(𝑡) and first overshoot, first undershoot 
and settling time of rotors speeds’ deviations are considered 
in second objective function 𝑓2(𝑡) . Through scalarization 
with weight factors 𝑤1  and 𝑤2  a third objective function 
𝐹(𝑡) is introduced (1). Deviations of rotor speeds, terminal 
voltages and tie line power transfer are defined as: 

|∆𝜔(𝑡)| = |𝜔1(𝑡) − 𝜔2(𝑡)| + |𝜔1(𝑡) − 𝜔3(𝑡)| + |𝜔1(𝑡) − 𝜔4(𝑡)| + |𝜔3(𝑡) − 𝜔4(𝑡)|

|∆𝑉𝑡(𝑡)| = 0.005 ∙ (|𝑉𝑡1(𝑡) − 𝑉𝑡10| + |𝑉𝑡2(𝑡) − 𝑉𝑡20| + |𝑉𝑡3(𝑡) − 𝑉𝑡30| + |𝑉𝑡4(𝑡) − 𝑉𝑡40|)

|∆𝑃𝑡𝑖𝑒(𝑡)| =
|𝑃𝑡𝑖𝑒(𝑡) − 𝑃𝑡𝑖𝑒0|

105

 

with initial states of terminal voltages and power transfer 
considered. 

Inequality constraints that were used in these multi-
objective optimization tests are defined as limits of AVR 
and PSS parameters which define search space of controller 
parameters: 

2 ≤ 𝐾𝑎,𝑖 ≤ 250

0 ≤ 𝑇𝑎,𝑖 ≤ 0.1
 

  

Figure 2.  Observed TAFM model [19] 

TABLE I.  TECHNICAL DATA OF TESTED MODEL [19] 

Element Area Technical characteristics 

Generator 1 Area 1 20𝑘𝑉,  900𝑀𝑉𝐴,  50𝐻𝑧 
𝑋𝑑 = 1.8𝑝𝑢,  𝑋𝑑

′ = 0.3𝑝𝑢, 𝑋𝑑
′′ = 0.25𝑝𝑢,  𝑅𝑎 = 0.0025𝑝𝑢 

𝑋𝑞 = 1.7𝑝𝑢,  𝑋𝑞
′ = 0.55𝑝𝑢, 𝑋𝑞

′′ = 0.25𝑝𝑢, 𝑋𝑙 = 0.2𝑝𝑢 

𝑇𝑑0
′ = 8𝑠, 𝑇𝑑0

′′ = 0.03𝑠, 𝑇𝑞0
′ = 0.4𝑠, 𝑇𝑞0

′′ = 0.05𝑠 

𝐻𝐺1 = 𝐻𝐺2 = 6.5,  𝐻𝐺3 = 𝐻𝐺4 = 6.175,  𝐾𝐷 = 0 

Generator 2 Area 1 

Generator 3 Area 2 

Generator 4 Area 2 

Load 1 Area 1 𝑃𝑙𝑜𝑎𝑑1 = 967𝑀𝑊,𝑄𝑙𝑜𝑎𝑑1 = 100𝑀𝑉𝐴𝑟 

Load 2 Area 2 𝑃𝑙𝑜𝑎𝑑2 = 1767𝑀𝑊,𝑄𝑙𝑜𝑎𝑑2 = 100𝑀𝑉𝐴𝑟 

Transmission 

lines 1, 2 
Area 1 𝑙𝑙𝑖𝑛𝑒1 = 𝑙𝑙𝑖𝑛𝑒3 = 10𝑘𝑚, 𝑙𝑙𝑖𝑛𝑒2 = 𝑙𝑙𝑖𝑛𝑒4 = 25𝑘𝑚 

𝑙𝑙𝑖𝑛𝑒5 = 220𝑘𝑚, 𝑉𝑛𝑜𝑚 = 230𝑘𝑉 

𝑅𝑙 =
0.001𝑝𝑢

𝑘𝑚
,  𝐿𝑙 = 0.001𝑝𝑢, 

𝑏𝑙 = 0.00175𝑝𝑢/𝑘𝑚 

Transmission 
lines 3, 4 

Area 2 

Transmission 

line 5 
Area 1 – 

Area 2 

Transformers 
1, 2 

Area 1 
900𝑀𝑉𝐴, 20𝑘𝑉 230𝑘𝑉⁄ ,  50𝐻𝑧,  𝐷1𝑌𝑔 

𝑅1 = 𝑅2 = 10−6 𝑝𝑢, 𝐿1 = 0𝑝𝑢, 𝐿2 = 0.15𝑝𝑢 Transformers 

3, 4 
Area 2 

Capacitor 1 Area 1 𝑄𝐶1 = 300𝑀𝑉𝐴𝑟 

Capacitor 2 Area 2 𝑄𝐶2 = 350𝑀𝑉𝐴𝑟 

  

Figure 3.  PSS1 model used in observed TAFM system 



1 ≤ 𝐾𝑝𝑠𝑠,𝑖 ≤ 250

0.005 ≤ 𝑇1𝑛,𝑖 ≤ 5

0.005 ≤ 𝑇1𝑑,𝑖 ≤ 5

0.05 ≤ 𝑇2𝑛,𝑖 ≤ 15

0.05 ≤ 𝑇2𝑑,𝑖 ≤ 25

 

B. MOALO as an optimization tool in AVR/PSS 

coordination strategy 

MOALO is an expansion of an Ant Lion Optimizer 
algorithm, a nature inspired algorithm for swarm 
intelligence optimization [6, 18]. In one iteration six phases 
are implemented which include random walk of prey, 
trapping in pits, building a trap, sliding of prey towards 
antlion, catching the prey/rebuilding the pit and defining a 
best antlion through elitism rule. Initial positions of first ant 
lions and its corresponding ants are stochastically 
positioned through defined search space, as is common in 
all swarm intelligence methods. Detailed description of 
these stages can be found in [6] and [19]. 

1) Random walks of ants 
Random walks of ants are described as: 

 𝑋(𝑡) = [0, 𝑐𝑢𝑚𝑠𝑢𝑚(2𝑟(𝑡1)) − 1,… , 𝑐𝑢𝑚𝑠𝑢𝑚(2𝑟(𝑡𝑛)) − 1] () 

where: 

𝑟(𝑡) = {
1,  𝑟𝑎𝑛𝑑(0,1) > 0.5

0,  𝑟𝑎𝑛𝑑(0,1) ≤ 0.5
 

and 𝑐𝑢𝑚𝑠𝑢𝑚  is a calculation of cumulative sum. A 
normalization of position in search space is required as a 
next step and is defined as: 

 𝑋𝑖
𝑡 =

(𝑋𝑖
𝑡−𝑎𝑖)∙(𝑑𝑖

𝑡−𝑐𝑖
𝑡)

𝑏𝑖−𝑎𝑖
+ 𝑐𝑖

𝑡  () 

where 𝑋𝑖
𝑡 is a position of i-th variable in iteration t, 𝑎𝑖 and 

𝑏𝑖  are minimum and maximum of random walks in i-th 

variable, and 𝑐𝑖
𝑡 and 𝑑𝑖

𝑡 are minimum and maximum of i-th 
variable at iteration t.  

2) Trapping in pits 
Mathematical definition of ant lion’s entrapment can be 

defined as: 

 𝑐𝑖
𝑡 = 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑗

𝑡 + 𝑐𝑡 , 𝑑𝑖
𝑡 = 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑗

𝑡 + 𝑑𝑡 () 

where 𝑐𝑡  and 𝑑𝑡  are minimum and maximum of all 

variables at iteration t, and 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑗
𝑡  is a position of j-th 

selected antlion at iteration t. 

3) Building a trap 
ALO algorithm presumes that every ant is to be trapped 

by one hunter. Fitness of an ant therefore corresponds to a 
fitness of an antlion which is employed by a roulette wheel 
selection function. This function gives higher probability to 
fitter ant lions in catching better prey. 

4) Sliding of prey in a trap 
Ant lions are building sliding traps whose quality 

corresponds to their fitness. Sliding in a trap is defined as 
adaptive decrease in a coned pit’s limits: 

 𝑐𝑡 = 𝑐𝑡
𝐼⁄ , 𝑑𝑡 = 𝑑𝑡

𝐼⁄  () 

where 𝐼  is a factor depending on a ratio of a current 
iteration and a total number of iterations and it provides a 
decrease in search space for achieving a more convergent 
movement towards optimum.   

5) Catching a prey and rebuilding a trap 
After sliding of prey in a trap catching takes place and 

is defined as: 

 𝑓(𝑎𝑛𝑡𝑖
𝑡) < 𝑓(𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑗

𝑡) → 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑗
𝑡 = 𝑎𝑛𝑡𝑖

𝑡 () 

6) Rule of Elitism 
Fittest ant lion in every iteration is defined as an elite 

ant lion. It affects also the next random walks of prey in 
search space and this is defined as:  

 𝑎𝑛𝑡𝑖
𝑡 =

𝑅𝐴
𝑡+𝑅𝐸

𝑡

2
 () 

where 𝑅𝐴
𝑡  is a random walk of prey around antlion selected 

through roulette wheel selection function, and 𝑅𝐸
𝑡  is a 

random walk of the same prey around elite ant lion at 

iteration t. 

7) Formation of Pareto front 
Pareto optimal vector set calculation starts with 

comparison of two different vectors of 𝑘 and 𝑙 solutions: 

𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎 = (𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑎,1, … , 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑎,𝑘)

𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑏 = (𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑏,1, … , 𝑎𝑛𝑡𝑙𝑖𝑜𝑛𝑏,𝑙)
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Figure 4.  Flow chart of MOO testing algorithms 



Vector 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎  dominates 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑏  if a following 

condition is fulfilled: 

∀𝑖 = {1,2,… , 𝑘}: 𝑓𝑖(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎) ≤ 𝑓𝑖(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑏)
∧

∃𝑖 = {1,2, … , 𝑘}: 𝑓𝑖(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎) < 𝑓𝑖(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑏)

 

Solution set 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎 is defined as Pareto optimal if: 

𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎 ∈ 𝑋

𝑃.𝑂.
←  {∄𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑏 ∈ 𝑋|𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑏 ≺ 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑎} 

Pareto set of solutions and its corresponding front of 

objective functions 𝑓1 and 𝑓2 are defined as: 

 
𝑃𝑠 ≔ {𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑎, 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑏 ∈ 𝑋|∄𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑏 ≺ 𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎}

𝑃𝑓: = {𝑓1(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎), 𝑓2(𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑

𝑎)|𝑎𝑛𝑡𝑙𝑖𝑜𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ⃑
𝑎 ∈ 𝑃𝑠}

 () 

IV. INITIALIZATON AND SIMULATION RESULTS OF 

TAFM MODEL 

For the testing purpose initial conditions include: 2 trials 

for each of three weight factors (𝑤1 = {0.25, 0.5, 0.75}, 
with 𝑤2 = 1 − 𝑤1), with each trial of 50 iterations, and 

within each iteration a population of 25 agents (particles, 

salps, ants/ant lions) is tested with two objective functions 

(1). Dimension of each agent is equal to number of tuned 

parameters and is 28 (four PSSs with five parameters each, 

and four AVRs with two parameters each). These 

conditions are applied to each of three algorithms 

described in the next section. 

A. Algorithms used in testing and comparison 

Model testing is done with four different algorithms: 
MOALO, velocity relaxed multi-objective particle swarm 
optimization (MOVRPSO) and a multi-objective salp 
swarm algorithm (MOSSA), and afterwards results are 
being compared within these three algorithms. 

Initial settings for VRPSO constants include velocity 
factors according to personal and global best solution and 
weight factor for velocity of previous iteration 𝑐1 = 1.2 , 

𝑐2 = 0.9 , 𝑤 = 0.9 . VRPSO also uses adaptive speed for 
weight factor with velocity constraint: 𝑤 = 𝑤𝑚𝑎𝑥 − 𝑎 ∙ 𝑖, 
where 𝑎 = 0.05, and i is current iteration. Also, an algorithm 
called multi-objective salp swarm algorithm (MOSSA) 
[17] is introduced for testing and comparison of results. 

In MOALO, search space decrement is done according 
to current iteration (5) and is as follows: 

𝐼 =

{
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𝑚𝑎𝑥_𝑖𝑡𝑒𝑟
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𝑖
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where i is current iteration and max_iter is total number of 
iterations. 
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Figure 5.  Flow chart of MOALO algorithm 



B. Simulation results 

In this section, performance of different algorithms is 

done by comparing graphical and analytical results of 

simulation. Graphical review mainly includes responses of 

rotor speed deviations between generators locally inside a 

certain area and inter-areal, between generators in different 

areas. Also, terminal voltages are being observed along 

with a tie line power flow 𝑃𝑡𝑖𝑒 . Graphical responses are 

presented as a single solution according to best fit by third 

objective function 𝐹(𝑡) . Graphical responses that are 

shown on fig. 6-9 include speed deviations between 

generators G1 and G2 (local deviation) and between G1 

and G3 (inter-area deviation), terminal voltage on a swing 

type generator G2 and tie-line power transfer between 

areas 

Since there is also a vector of solutions/parameters 

given to the user by MOO algorithms, a graphical 

representation of Pareto fronts of each algorithm is given 

on fig. 10-13. 

 

 

  

Figure 6.  Testing results for 1 s tie-line outage with automatic reclosure, 

best fit by objective 𝐹(𝑡) 

  

Figure 7.  Testing results for 80 ms self clearing short circuit fault, best fit 

by objective 𝐹(𝑡) 

 

Figure 8.  Testing results for 2s Area 1 load outage, best fit by objective 

𝐹(𝑡) 

 

Figure 9.  Testing results for additional 20% load injection in Area 1, best 

fit by objective 𝐹(𝑡) 

 

Figure 10.  Pareto fronts for 1 s tie-line outage with automatic reclosure 



 

V. CONCLUSION 

The results of testing simulations show that multi-

objective optimization is very effective in AVR/PSS 

coordinated parameter tuning. In most cases of study 

multi-objective ant lion optimizer algorithm has proven to 

be the most solid solution to different problems regarding 

transient and small signal stability. 

When considering a research conducted in [19] every 

tested MOO algorithm has shown progress with regards to 

its single-objective variant. Future work in research 

regarding this problem may use normalization of objective 

functions and static or dynamic penalty functions which 

may achieve even better results in power system stability.  
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TABLE II.  SIMULATION RESULTS FOR TESTED TAFM MODEL 

Scenario Algorithm Range of 𝒇𝟏(𝒕) Range of 𝒇𝟐(𝒕) 

N
u

m
b

e
r 

o
f 

so
lu

ti
o

n
s 

Line 
outage 

MOALO 0.0302 ÷ 0.0326 65.32 ÷ 161.16 9 

MOSSA 0.0573 ÷ 0.0640 75.68 ÷ 89.94 7 

MOVRPSO 0.0582 ÷ 0.1517 139.57 ÷ 161.04 10 

Short 
circuit 

MOALO 0.0207 ÷ 0.0621 61.57 ÷ 233.96 49 

MOSSA 0.0380 ÷ 0.0453 36.14 ÷ 81.28 44 

MOVRPSO 0.0344 ÷ 0.0474 32.34 ÷ 51.52 25 

Load 

outage 

MOALO 0.2589 ÷ 0.2935 143.23 ÷ 150.72 53 

MOSSA 0.3350 ÷ 0.4447 174.65 ÷ 292.85 61 

MOVRPSO 0.2703 ÷ 0.3756 169.45 ÷ 194.77 20 

Load 

injection 

MOALO 0.0101 ÷ 0.0104 51.11 ÷ 137.43 100 

MOSSA 0.0103 ÷ 0.0122 63.25 ÷ 122.70 13 

MOVRPSO 0.0103 ÷ 0.0189 52.95 ÷ 149.22 29 

 

Figure 11.  Pareto fronts for 80 ms self clearing short circuit fault 

 
Figure 12.  Pareto fronts for 2 s load outage in Area 1 

 
Figure 13.  Pareto fronts for 20% additional load injection in Area 1 


